We propose a method using Gabor filters and phase portraits to automatically locate the optic nerve head (ONH) in fundus images of the retina. Because the center of the ONH is at or near the focal point of convergence of the retinal vessels, the method includes detection of the vessels using Gabor filters, detection of peaks in the node map obtained via phase portrait analysis, and an intensity-based condition. The method was tested on 40 images from the Digital Retinal Images for Vessel Extraction (DRIVE) database and 81 images from the Structured Analysis of the Retina (STARE) database. An ophthalmologist independently marked the center of the ONH for evaluation of the results. The evaluation of the results includes free-response receiver operating characteristics (FROC) and a measure of distance between the manually marked and detected centers. With the DRIVE database, the centers of the ONH were detected with an average distance of 0.36 mm (18 pixels) to the corresponding centers marked by the ophthalmologist. FROC analysis indicated a sensitivity of 100% at 2.7 false positives per image. With the STARE database, FROC analysis indicated a sensitivity of 88.9% at 4.6 false positives per image.
INTRODUCTION
T he optic nerve head (ONH) or optic disk is one of the important anatomical features that are usually visible in a fundus image of the retina. [1] [2] [3] The ONH represents the location of entrance of the blood vessels and the optic nerve into the retina. In fundus images, the ONH usually appears as a bright region, white or yellow in color. [3] [4] [5] In the commonly used macula-centered format for fundus images, the ONH is located toward the left-hand or right-hand side of the image and is an approximately circular area that is about one sixth the width of the image in diameter, is brighter than the surrounding area, and appears as the convergent area of the blood vessel network. 6 In an image of the retina, all of the properties mentioned above (shape, color, size, and convergence) contribute to the identification of the ONH. Identification of the ONH is an important step in the detection and analysis of the anatomical structures and pathological features in the retina.
A crucial preliminary step in computer-aided analysis of retinal images is the detection and localization of important anatomical structures, such as the ONH, the macula, the fovea, and the major vascular arcades; several researchers have proposed methods for these purposes.
7-9 The ONH and the major vascular arcades may be used to localize the macula and fovea. [7] [8] [9] The anatomical structures mentioned above may be used as landmarks to establish a coordinate system of the retinal fundus.
7-10 Such a coordinate system may be used to determine the spatial relationship of lesions, edema, and hemorrhages with reference to the ONH and the macula; 8 it may also be used to exclude artifacts in some areas and pay more 1 importance to potentially pathological features in other areas. 9 For example, when searching for microaneurysms and nonvascular lesions, the ONH area should be omitted due to the observation that the ONH area contains dot-like patterns which could mimic the appearance of pathological features and confound the analysis. 9 Regardless, the position and average diameter of the ONH are used to grade new vessels and fibrous proliferation in the retina. 10 On the other hand, the presence of pathology in the macular region is associated with worse prognosis than elsewhere; 9 more attention could be paid by lowering the threshold of detection of pathological features in the macular region. Abundant presence of drusen (a characteristic of age-related macular degeneration or AMD) near the fovea has been found to be roughly correlated with the risk of wet AMD and the degree of vision loss. 11 One of the features useful in discriminating between drusen and hard exudates is that drusen are usually scattered diffusely or clustered near the center of the macula; on the other hand, hard exudates are usually located near prominent microaneurysms or at the edges of zones of retinal edema. 10 Criteria for the definition of clinically significant macular edema include retinal thickening with an extent of at least the average area of the ONH with a part of it being within a distance equal to the average diameter of the ONH from the center of the macula. 10 In clinical diagnosis of AMD, the potentially blinding lesion known as choroidal neovascular membrane (CNVM) is typically observed as subfoveal, juxtafoveal, or extrafoveal within the temporal vascular arcades. The CNVM lesion is usually circular in geometry and white in color. In a computer-aided procedure, the differentiation between the ONH and a potential CNVM lesion would be critical for accurate diagnosis: whereas both of these regions could be of similar shape and color, the ONH has converging vessels that dominate its landscape; hence, the prior identification of the ONH is important. Based on the same property noted above, the methods proposed in the present paper for the detection of the ONH rely on the converging pattern of the vessels within the ONH.
Computer-aided analysis of retinal images has the potential to facilitate quantitative and objective analysis of retinal lesions and abnormalities. Different types of retinal pathology, such as retinopathy of prematurity, 12 diabetic retinopathy, 13 and AMD 4 may be detected and analyzed via the application of appropriately designed techniques of digital image processing and pattern recognition. Accurate identification and localization of retinal features and lesions could contribute to improved diagnosis, treatment, and management of retinopathy. With this motivation, we propose a method for the detection of the ONH.
Methods for the Detection of the Optic Nerve Head
A review of selected recent works on methods and algorithms to locate the ONH in images of the retina is provided in the following paragraphs.
Osareh et al. 14 proposed a method to detect the ONH based on a template image created by averaging the ONH region of 25 color-normalized images. Gray-scale morphological filtering and active contour modeling were used to locate the ONH region, after locating the center of the ONH by using the template. The method was tested with 75 images of the retina and an average accuracy of 90.32% in locating the boundary of the ONH was reported.
Relying on matching the expected directional pattern of the retinal blood vessels in the vicinity of the ONH, Youssif et al. 1 proposed a method to detect the ONH. A two-dimensional Gaussian matched filter was used to obtain a direction map of the segmented retinal vessels. The Gaussian matched filter was resized in four different sizes, and the difference between the output of the matched filter and the vessels' directions was measured. The minimum difference was used to estimate the coordinates of the center of the ONH. The center of the ONH was correctly detected in 80 out of 81 images (98.77%) from a subset of the Structured Analysis of the Retina (STARE) database [15] [16] [17] and all of the 40 images (100%) of the Digital Retinal Images for Vessel Extraction (DRIVE) database. 18, 19 Similar methods have been implemented by ter Haar. 20 Lalonde et al. 21 implemented a template matching approach to locate the ONH. The design is based on a Hausdorff-based template matching technique using edge maps, guided by pyramidal decomposition for large-scale object tracking. The methods were tested with a database of 40 fundus images of the retina with variable visual quality and retinal pigmentation and also of normal and small pupils. An average error of 7% in positioning the center of the ONH was reported.
Based on the brightness and circularity of the ONH, Park et al. 6 presented a method using algorithms which include thresholding, detection of roundness, and detection of circles. The method achieved a success rate of 90.25% with the 40 images in the DRIVE database. Similar methods have been described by Barrett et al. 22 , ter Haar, 20 and Chrástek et al. 23 , 24 Zhu et al. 3, 25 proposed a method based on edge detection and the Hough transform for the detection of circles. A detection sensitivity of 92.5% was obtained with 40 images from the DRIVE database; however, the performance of the method with the STARE database was poor (44.4%). Sekhar et al. 26 presented a method for the detection of the ONH based upon morphological image processing and the Hough transform; the method detected the ONH in 36 out of the 38 images tested.
Sinthanayothin et al. 27 proposed a method to locate the ONH by identifying the area with the highest variation in intensity using a window size equal to that of the ONH. The images were preprocessed using an adaptive local contrast enhancement method applied to the intensity component. One hundred twelve images obtained from a diabetic screening service were tested with the method; a sensitivity of 99.1% was achieved.
An automatic method to obtain an ellipse approximating the ONH using a genetic algorithm was proposed by Carmona et al. 28 The algorithm can also provide the parameters characterizing the shape of the ellipse obtained. A set of hypothesis points were initially obtained that exhibited geometric properties and intensity levels similar to the ONH contour pixels. Then, a genetic algorithm was used to find an ellipse containing the maximum number of hypothesis points in an offset of its perimeter, considering some constraints. One hundred ten images of the retina were tested with the method. The results were compared with a gold standard generated by averaging two contours traced by an expert for each image; the results for 96% of the images had G5 pixels of discrepancy. Hussain 29 proposed a method combining a genetic algorithm and active contour models; no quantitative result was reported.
The method proposed by Foracchia et al. 30 is based on a preliminary detection of the major retinal vessels. A geometrical parametric model where two of the model parameters are the coordinates of the ONH center was proposed to describe the general direction of retinal vessels at any given position. Model parameters were identified by means of a simulated annealing optimization technique. The estimated values provided the coordinates of the center of the ONH. An evaluation of the proposed procedure was performed using a set of 81 images from the STARE database, containing both normal and pathological images. The position of the ONH was correctly identified in 79 out of the 81 images (97.53%).
A method was developed by Kim et al. 31 to analyze images obtained by retinal nerve fiber layer photography. The center of the ONH was selected as the brightest point and an imaginary circle was defined. Applying the warping and random sample consensus technique, the imaginary circle was first warped into a rectangle and then inversely warped into a circle to find the boundary of the ONH. The images used to test the method included 43 normal images and 30 images with glaucomatous changes. A sensitivity of 91% and a positive predictability of 78% were reported.
A method to differentiate the ONH from other bright regions such as hard exudates and artifacts, based on the fractal dimension related to the converging pattern of the blood vessels, was proposed by Ying et al. 32 The ONH was segmented by local histogram analysis. The method identified the ONH in 39 out of the 40 images in the DRIVE database.
Hoover and Goldbaum 16 applied fuzzy convergence to detect the origin of the blood vessel network, which can be considered as the center of the ONH in a fundus image of the retina. Thirty images of normal retinas and 51 images of retinas with pathology from the STARE database were tested, containing such diverse symptoms as tortuous vessels, choroidal neovascularization, and hemorrhages that obscure the ONH. A rate of successful detection of 89% was achieved. Fleming et al. 9 implemented an algorithm using the elliptical form of the major retinal blood vessels to obtain an approximate region of the ONH, which was then refined based on the circular edge of the ONH. The methods were tested on 1,056 sequential images from a retinal screening program. In 98.4% of the cases tested, the error in the ONH location was G50% of the diameter of the ONH.
Based on tensor voting to analyze vessel structures, Park et al. 33 proposed a method in which the position of the ONH was identified by mean-shift-based mode detection. Park et al. utilized three preprocessing stages through illumination equalization to enhance local contrast and extract vessel patterns by tensor voting in the equalized images. The position of the ONH was determined by mode detection based on the mean shift procedure. The evaluation of the method was done with 90 images from the STARE database, and achieved 100% success rate on 40 images of normal retinas and 84% on 50 images of retinas with pathology. We propose a method for the detection of the ONH via the detection of the blood vessels of the retina using Gabor filters 34 and the application of phase portrait modeling 35 to detect node points that could potentially indicate points of convergence of vessels. 36 The method is specifically based on the characteristic of the ONH as the point of convergence of retinal vessels. The procedure of the method and detailed evaluation of the results are given in the following sections.
METHODS

Databases of Images of the Retina and Experimental Setup
A few important details of the two publicly available databases used in the present work, the DRIVE 18, 19 and the STARE 15-17 databases, are given in the following paragraphs.
The DRIVE Database The images in the DRIVE database were acquired using a field of view (FOV) of 45°. The database consists of a total of 40 color fundus photographs. Considering the size (584× 565 pixels) and the FOV of the images, they are lowresolution fundus images of the retina, having an approximate spatial resolution 20 µm/pixel. 23 Out of the 40 images provided in the DRIVE database, 33 are normal and seven contain signs of diabetic retinopathy, namely, exudates, hemorrhages, and pigment epithelium changes. 18, 19 The results of manual segmentation of the blood vessels are provided for all 40 images in the database; however, no information on the ONH is available.
The STARE Database The STARE images were captured using an FOV of 35°. Each image is of size 700×605 pixels with 24 bits/pixel. The spatial resolution of the STARE images is approximately 15 µm/pixel. 20 A subset of the STARE database, which contains 81 images, 16 was used in the present work. This subset has been used by several other researchers; we have used the same subset in order to facilitate comparison of the results obtained. Out of the 81 images, 30 have normal architecture and 51 have various types of pathology, containing diverse symptoms such as tortuous vessels, choroidal neovascularization, and hemorrhages. 16, 17 This database is considered to be more difficult to analyze than the DRIVE database because of the inclusion of a larger number of images with pathology of several types. More importantly, because the images were scanned from film rather than acquired directly using a digital fundus camera, the quality of the images is poorer than that of the images in the DRIVE database. The results of manual segmentation of the blood vessels for a subset of the 81 STARE images are available; however, no expert annotation of the ONH is available.
Annotation of Images of the Retina
The center and the contour of the ONH were drawn on each image, independently by an ophthalmologist and retina specialist (A.L.E.), by magnifying the original image by 300% using the software ImageJ. 37 The performance of the proposed method was evaluated by comparing the detected center of the ONH to the same as marked by the ophthalmologist. Several images in the STARE database do not contain the full region of the ONH. In such cases, the contour of the ONH was drawn only for the portion lying within the effective region of the image. In one of the STARE images, the center of the ONH is located outside the FOV (but within the frame of the image), which was, regardless, marked at the expected location. When drawing the contour of the ONH, attention was paid so as to avoid the rim of the sclera (scleral crescent or peripapillary atrophy) and the rim of the optic cup, which, in some images, may be difficult to differentiate from the ONH; for related illustrations, see Zhu et al. 3 When labeling the center of the ONH, care was taken not to mark the center of the optic cup or the focal point of convergence of the central retinal vein and artery. However, the point of convergence of the retinal vessels serves as a primary feature that is useful in the detection of the ONH. 16 The contours of the ONH are not used in the present work, but have been used in a recent related work. 3 
Preprocessing of Images
Each component of each color image was normalized to the range [0, 1] by dividing by 255, the maximum possible value in the original 8-bit representation. Each image was converted to the luminance component Y, given as Y ¼ 0:299R þ 0:587G þ 0:114B where R, G, and B are the red, green, and blue components, respectively, of the color image. The effective region of the image was thresholded using the normalized threshold of 0.1. The artifacts present in the images at the edges were removed by applying morphological erosion 38 with a disk-shaped structuring element of diameter 10 pixels.
In order to prevent the detection of the edges of the effective region in subsequent steps, each image was extended beyond the limits of its effective region.
34,39 First, a 4-pixel neighborhood was used to identify the pixels at the outer edge of the effective region. For each of the pixels identified, the mean gray level was computed over all pixels in a 21×21 neighborhood that were also within the effective region and assigned to the corresponding pixel location. The effective region was merged with the outer edge pixels, forming an extended effective region. The procedure was repeated 50 times, extending the image by a ribbon of width 50 pixels.
After preprocessing, a 5×5 median filter was applied to the resulting image to remove outliers. Then, the maximum intensity in the image was calculated to serve as a reference intensity to assist in the selection of the ONH from candidates detected in the subsequent steps.
Detection of Blood Vessels Using Gabor Filters
The methods proposed in the present work for the detection of the ONH rely on the initial detection of blood vessels. We have previously proposed image processing techniques to detect blood vessels in images of the retina based upon Gabor filters, 34 which are used in the proposed method.
Gabor functions are sinusoidally modulated Gaussian functions that provide optimal localization in both the frequency and space domains; a significant amount of research has been conducted on the use of Gabor functions or filters for segmentation, analysis, and discrimination of various types of texture and curvilinear structures. [39] [40] [41] [42] [43] The basic, real, Gabor filter kernel oriented at the angle θ=−π/2 may be formulated as:
where σ x and σ y are the standard deviation values in the x and y directions and f o is the frequency of the modulating sinusoid. Kernels at other angles are obtained by rotating the basic kernel. In the proposed method, a set of 180 kernels was used with angles spaced evenly over the range [−π/2, π/2]. Gabor filters may be used as line detectors. 42 The parameters in Eq. 1, namely, σ x , σ y , and f o , need to be specified by taking into account the size of the lines or curvilinear structures to be detected. Let τ be the thickness of the line detector. This parameter is related to σ x and f o as follows: The amplitude of the exponential (Gaussian) term in Eq. 1 is reduced to one half of its maximum at x=τ/2 and y=0; therefore, x ¼ C= 2 ffiffiffiffiffiffiffiffiffiffi ffi 2 ln 2 p À Á . The cosine term has a period of τ; hence, f o =1/τ. The value of σ y could be defined as σ y =lσ x where l determines the elongation of the Gabor filter along its orientation with respect to its thickness. The value of τ could be varied to prepare a bank of filters at different scales for multiresolution filtering and analysis; 34 however, in the present work, a single scale is used with τ=8 pixels and l=2.9.
The Gabor filter designed as above can detect piecewise linear features of positive contrast, i.e., linear elements that are brighter than their immediate background. In the present work, the Gabor filter was applied to the inverted version of the preprocessed Y component.
Blood vessels in the retina vary in thickness in the range 50-200 µm with a median of 60 µm. 13, 44 Taking into account the size (565×584 pixels) and the spatial resolution (20 µm/pixel) of the images in the DRIVE database, the parameters for the Gabor filters were specified as τ=8 pixels and l=2.9 in the present work. For each image, a magnitude response image was composed by selecting the maximum response over all of the 180 Gabor filters for each pixel. An angle image was prepared by using the angle of the filter with the largest magnitude response. The magnitude response and angle images were filtered with a Gaussian filter having a standard deviation of 7 pixels (a description of the procedure for filtering of orientation fields is given by Ayres and Rangayyan 45 ) and downsampled by a factor of 4 for efficient analysis using phase portraits in the subsequent step.
Phase Portrait Analysis
The filtered and downsampled orientation field obtained as above, denoted as θ(x,y), was analyzed using phase portraits. 35, 45 The phase portraits of systems of two linear first-order differential equations are well understood, 46 and the geometrical patterns in such phase portraits have been used to characterize oriented texture. 35 Consider the following system of differential equations:
The functions x(t) and y(t) can be associated with the x and y coordinates of the Cartesian plane.
40, 47 The orientation field generated by the phase portrait model is defined as:
which is the angle of the velocity vector _ x t ð Þ; _ y t ð Þ ½ with the x axis at (x, y)=[x(t), y(t)]. According to the eigenvalues of A (the characteristic matrix), the phase portrait is classified as a node, saddle, or spiral. 46 The fixed point of the phase portrait is the point where _ x ¼ _ y ¼ 0 and denotes the center of the phase portrait pattern being observed. Let x 0 =[x 0 , y 0 ]
T be the coordinates of the fixed point. From Eq. 2, we have:
Given an image presenting oriented texture, the orientation field θ(x,y) of the image is defined as the angle of the texture at each pixel location (x,y) (obtained as described in the "Detection of Blood Vessels Using Gabor Filters" section). The orientation field of an image can be qualitatively described by the type of the phase portrait that is most similar to the orientation field, along with the center of the phase portrait. Such a description can be achieved by estimating the parameters of the phase portrait that minimize the difference between the orientation field of the corresponding phase portrait and the orientation field of the image. Let us define x i and y i as the x and y coordinates of the ith pixel, 1≤i≤N. Let us also define θ i =θ(x i ,y i ), and i = x i ; y i jA; b ð Þ . The sum of the squared error is given by:
Minimization of R(A, b) leads to the optimal phase portrait parameters that describe the orientation field of the image under analysis. In the present work, an initial global optimization procedure was employed (simulated annealing), followed by a local optimization procedure (nonlinear least squares). To perform this step, an analysis window of size 40× 40 pixels (3.2×3.2 mm for the DRIVE images) was slid pixel by pixel through the orientation field, and the optimal parameters A and b were determined for each pixel. Constraints were placed so that the matrix in the phase portrait model is symmetric and has a condition number G3.0. 45 The constrained method yields only two phase portrait maps: node and saddle. Based on the result of the analysis as above at each pixel, a vote was cast in the node or saddle map, as indicated by the eigenvalues of the matrix in the phase portrait model at the location given by the corresponding fixed point. A condition was placed on the distance between the fixed point and the center of the corresponding analysis window, so as to be not 9200 pixels. The node map was filtered with a Gaussian filter of standard deviation 6 pixels. All peaks in the filtered node map were detected and rank ordered by magnitude. The result was used to label positions related to the sites of convergence of the blood vessels. 45 
Detection of the ONH
Each peak in the node map, in decreasing order of its magnitude, was checked to verify if it could represent the center of the ONH. A circular area was extracted from the preprocessed Y component with the peak location as the center and radius equal to 20 pixels or 0.40 mm, corresponding to about half of the average radius of the ONH. 21 Pixels within the selected area were rank ordered by their brightness values, and the top 1% was selected. The average of the selected pixels was computed. If the average brightness was 968% (for the DRIVE images) or 50% (for the STARE images) of the reference intensity obtained as described in the "Preprocessing of Images" section, the peak location was accepted as the center of the ONH; otherwise, the next peak was checked. The thresholds were determined by experimentation for the DRIVE and STARE databases; suitable thresholds may need to be determined for each database and imaging protocol.
Analysis of the Free-Response Receiver Operating Characteristics
Free-response receiver operating characteristics (FROC) are displayed on a plot with the sensitivity of detection on the ordinate and the mean number of false-positive responses per image on the abscissa.
48,49 FROC analysis is applicable when there is no specific number of true negatives, which is the case in the present study.
The peaks in the node map were rank ordered according to the node value in order to test for the detection of the ONH. For the images in the DRIVE database, a result was considered to be successful if the detected ONH center was positioned within the average ONH radius of 0.8 mm (40 pixels) around the manually identified center; otherwise, it was labeled as a false positive. Thus, a successfully detected ONH center would be placed within a circle centered at the true ONH position and having a radius equal to the average radius of the ONH; in our opinion, this is a clinically acceptable level of accuracy in the localization of the ONH. Similar criteria have been used by other researchers in this area. 9 Using the scale factor provided by ter Haar, 20 for the images in the STARE database, the corresponding distance between the detected ONH and the manually identified center for successful detection is 53 pixels. The distance value of 60 pixels, which has been used in testing other methods with the STARE database, 1, 16, 20 when converted using the same scale factor, yields a limit of 46 pixels for the images in the DRIVE database. In order to facilitate comparison with other published works with the same databases but different criteria for successful detection, FROC curves were derived using all of the limits mentioned above.
RESULTS
In Figure 1a , STARE image im0021 is shown; the magnitude response image and the orientation field obtained using Gabor filters are shown in parts b and c. Parts d and e show the node and saddle map derived from the orientation field using phase portrait analysis. We can observe a strong peak in the node map at the center of the ONH; peaks are seen in the saddle map around vessel branches. It is evident that the node map can be used to locate the center of the ONH. In Figure 1f , the locations of the top five peaks are shown superimposed on the original image. The first peak is located at the center of the ONH, as expected; the second peak is located at a retinal vessel bifurcation. The peak on the edge of the FOV is due to noise. The methods have worked successfully in spite of the blurry nature of the original image with no clear ONH being visible. Figure 2 shows a similar set of results for STARE image im0255; part f shows the ONH detected by the first peak in the corresponding node map.
In Figure 3 , the positions of the peaks of the node maps are shown for four images from the DRIVE and STARE databases. The number marked is the rank order of the corresponding point in the node map with no condition imposed regarding the corresponding intensity in the original image. We can observe that bifurcations of blood vessels lead to high responses in the node map. In the cases of the DRIVE images 34, 35, and 36, the first peak in the node map indicates the center of the ONH; however, in general, this is not always the case, as shown in the case of im0082 from the STARE database. To address this problem, an additional step of intensity-based selection of the center of the ONH was used, as described in the "Detection of the ONH" section.
The result of the method proposed in the present work gives an approximation to the center of the ONH; therefore, the Euclidean distance between the manually marked and the detected center of the ONH was used to evaluate the results. The statistics of the distance between the manually marked and the detected ONH for the DRIVE images are shown in Table 1 . The mean distance of the detected center of the ONH with the intensity-based condition is 0.46 mm (23.2 pixels). The statistics of the distance for the STARE images are shown in Table 2 ; the statistics are the same with or without the intensity-based condition with a mean distance of 1.78 mm or 119 pixels. Needles indicating the local orientation have been drawn for every fifth pixel in the row and column directions. d Node map; due to large differences between the values of the peaks in the node map, only the region related to the first peak is visible, in spite of the log transformation used. e Saddle map. The node and saddle maps are displayed with a logarithmic transformation. f Peaks in the node map. The number marked is the rank order of the peak in the node map.
FROC analysis was used for evaluation of the results. In order to evaluate the detection of the center of the ONH, if more than ten peaks were detected in the node map, the top ten peaks detected in the node map were selected; otherwise, all of the peaks in the node map were used. The FROC curves for both the DRIVE and STARE databases were prepared with two definitions of successful detection (as described in the "Analysis of the Free-Response Receiver Operating Characteristics" section). The FROC curves for the DRIVE images are shown in Figure 4 , which indicates a sensitivity of 100% at 2.65 false positives per image with the distance limit of 46 pixels. The intensity-based condition for the selection of centers is not applicable in FROC analysis. The FROC curves for the STARE images are shown in Figure 5 ; a sensitivity of 88.9% was obtained at 4.6 false positives per image with the distance limit of 60 pixels.
DISCUSSION
In Table 3 , the success rates of locating the ONH reported by several methods published in the literature and reviewed in the "Methods for the Detection of the Optic Nerve Head" section are listed. The center of the ONH was successfully detected in all of the 40 images in the DRIVE Min minimum, Max maximum, SD Standard deviation database by the proposed method based on phase portraits. The distance for successful detection used in the present work is 46 pixels, whereas the other methods listed used 60 pixels. 1, 16 The method using phase portraits has performed better than some of the recently published methods with images from the DRIVE database.
The appearance of the ONH in the images in the STARE database varies significantly due to poor image quality, inconsistent format, and the presence of various types of retinal pathology. Misleading features that affected the performance of the method using phase portraits with the STARE database were grouped by the ophthalmologist (A.L.E.) as alternate retinal vessel bifurcation (12 out of 81 images), convergence of small retinal vessels at the macula (five out of 81 images), and noise (two out of 81 images). In the case of Figure 3d , the peak in or near the macula ranked first among the peaks in the node map and could lead to failure in the detection of the ONH if no intensity-based condition is applied. On the other hand, it could also be possible to utilize this feature of the algorithm to locate the macula.
In Figure 6 , four examples from the STARE database are shown where the ONH was not detected by the proposed method. In parts a, b, and c of the figure, the reason for failure is vessel bifurcation leading to a high peak in the node map. In the case of the image in part d of the same figure, noise at the edge of the FOV caused failure. Figure 7a shows an image (im0010 from the STARE database) where the ONH is different from the commonly encountered circular or oval pattern. Using the method based on phase portraits, the ONH has been successfully detected by the single peak that passed the brightness condition. The method based on the Hough transform that we have recently proposed 3, 25 failed to detect the ONH because the circular property is not present in this case. Some of the images in the STARE database are out of focus. Figure 7b shows the result of detection using phase portraits for im0035, which is a case of successful detection with distance=26 pixels. The advantage of the proposed method based on phase portraits is that it can detect the vascular pattern existing in an image even when the image is blurred. From Table 1 , we can observe that, with the inclusion of selection based on the reference intensity, the average distance between the detected and manually marked ONH has been reduced, leading to better performance of the proposed method with the DRIVE images. However, from Table 2 , we find that the performance in the case of the STARE images with intensitybased selection is the same as that without the condition. This is because the threshold of 50% of the reference intensity is relatively low and most of the peaks in the node maps passed this threshold. The use of a higher threshold could lead to no peak being retained after application of the intensitybased condition in several STARE images where the node map has only one or two peaks.
The methods proposed in the present work have provided better results than another method based on the Hough transform that we have recently published; 3,25 regardless, the relatively poor performance with the STARE database indicates need for further improvement. However, the proposed method is computationally intensive due to the use of a large number of Gabor filters and two optimization techniques in the step of phase portrait analysis. On a Lenovo ThinkPad T61 computer with the Windows XP Professional operating system, a 2.5-GHz Core 2 Duo processor, and 1.96 GB RAM, the preprocessing steps took 11 s per image, the Gabor filtering procedure took 17 s, and the phase portrait analysis and subsequent steps to detect the ONH took 2,266 s. However, if the preprocessing steps and the Gabor filtering procedure are also used for the detection of blood vessels, 34 the additional requirements for the detection of the ONH would only be the derivation and analysis of the phase portraits. practical clinical application; however, the present work is at the research stage where the focus is on the quality and accuracy of the results. Furthermore, detection of the ONH is just one of the several image processing steps that we are designing. The final product for use in a clinical setting would need to include optimized programs and graphical user interfaces. Computational requirements and speed would depend upon the work load, the type of the computer used, and the algorithms used in the application: these details are beyond the scope of the present work.
CONCLUSION AND FUTURE WORK
We have proposed a procedure for the automatic detection of the ONH in fundus images of the retina based on the use of Gabor filters and phase portrait analysis of the orientation of the blood vessels; these methods have not been studied in any of the published works on the detection of the ONH. The blood vessels of the retina were detected using Gabor filters and phase portrait modeling was applied to the orientation field to detect points of convergence of the vessels. The method was evaluated by using the distance from the detected center of the ONH to that marked independently by an ophthalmologist. With the inclusion of a step for intensity-based selection of the peaks in the node map, a successful detection rate of 100% was obtained with the 40 images in the DRIVE database.
Analysis of the results was performed in two different ways. One approach involved the assessment of the distances between the detected centers of the ONH and the corresponding points independently marked by an ophthalmologist. The second approach was based on FROC analysis, which has not been reported in any of the published works on the detection of the ONH except our own recent related work. 3 The proposed methods performed well with the DRIVE images, but yielded lower sensitivity of detection with the STARE images. Further studies are required to incorporate additional characteristics of the ONH to improve the efficiency of detection. Additional constraints related to the characteristics of retinal vessels may be applied to improve the rate of successful detection of the ONH in images with poor quality, abnormal features, and pathological changes.
Computer-aided analysis of retinal images can assist in quantitative and standardized analysis of retinal pathology. Various types of retinopathy, including retinopathy of prematurity, 12 diabetic retinopathy, 13 and AMD 4 may be detected and analyzed using techniques of image processing and pattern recognition. Accurate identification and localization of retinal lesions could lead to efficient diagnosis, treatment, and management of retinopathy. In procedures for the detection and analysis of retinal pathology, normal structures could be a b Fig 7. a Result for STARE image im0010; distance=2.2 pixels. The square represents the first peak detected in the node map that also meets the condition based on 50% of the reference intensity. The triangle indicates the center of the ONH marked by the ophthalmologist. b The result for STARE image im0035. Distance=26 pixels. This is the only case from the STARE subset for which the method of Youssif et al.
1 failed (as shown in Fig. 5a of their paper). This example illustrates the strengths and weaknesses of different approaches. Each image is of size 700×605 pixels.
initially located and identified and subsequently used as landmarks for reference. The methods proposed in the present work for the detection of the ONH could contribute as above in an overall scheme for computer-aided diagnosis of retinal pathology.
